INTRODUCTION
Natural disasters are often unanticipated costly events for businesses. To repair or reinstall what disasters destroy, firms that survive are often saddled with loans. Because it is difficult for many local firms to either cover the total cost by themselves or prepare for such rare unpredictable events in advance to reduce the cost, the government often intervenes after disasters. For example, the Government of Japan provided a capital subsidy known as the Group Subsidy to help small and medium-sized enterprises (SMEs) recover from the damage caused by the Great East Japan Earthquake in 2011. The United States Small Business Administration and Farm Service Agency also provided disaster assistance to businesses affected by declared disasters. Among the developing countries, Sri Lanka, for example, introduced relief aid to local businesses that suffered from the tsunami (Dickson and Kangaraarachchi 2006) . However, the reconstruction cost is too enormous for the government budgetary resources to absorb, and thus, natural disasters deteriorate the government's financial conditions (Benali, Abdelkafi, and Feki 2018) . The cost of disasters for the government is likely to continue growing, considering the increasing frequency and severity of disasters (Altay and Ramirez 2010) , and the political motivations inherent in subsidies (Garrett and Sobel 2003) . Further, some warn that the repeated application of government support may crowd out private coping and private support of individual firms and increase the costs incurred by the government (Nakazawa 2018) . On the other hand, government support is essential, especially for the most vulnerable firms that cannot expect much private support. Therefore, it is important to discuss the effective targeting of government support to disaster-hit firms.
A small number of quantitative studies examine the process of enterprise recovery (De Mel, McKenzie, and Woodruff 2012; Hsu et al. 2018) . Even fewer studies investigate the effect of public or private support, although there is a large body of literature on how households cope with disasters (Skoufias 2003, Sawada and Takasaki 2017) . With regard to public support for firms, De Mel, McKenzie, and Woodruff (2012) provide firm-level evidence from a randomized control trial in a developing country that suggests that the capital subsidy is effective in the retail sector but not in other sectors in the short and medium run. They note that disruptions in supply chains may be potential contributors to this difference, but they do not test this hypothesis due to data limitations. Regarding private support, Todo, Nakajima, and Matous (2015) use firm-level data in Japan and find that private support through supply chains is helpful for resuming performance. However, their study does not examine the alternate or supplemental relationship with public support.
In this paper, I examine the impact of the subsidy, or public support, on firms hit by the Great East Japan Earthquake and explore the mechanism behind sectoral heterogeneity. I first estimate the impact of the capital subsidy on the recovery of disaster-hit firms in Japan in the medium run and investigate the heterogeneity of the impact across sectors. Consistent with De Mel, McKenzie, and Woodruff (2012) , I find a substantial impact of the subsidy on the retail sector, but I do not observe any difference between the recovery of firms with and without the subsidy in manufacturing and other service sectors. Because I have supply chain information of firms in Japan, I further investigate the mechanism that causes the sectoral difference. The results suggest that the heterogeneity comes from variations in the degree of private support across sectors rather than variations in supply chain disruption.
The findings contribute to several strands of literature. First, as mentioned above, a small number of papers examine the impact of the relief subsidy on firms' recovery. Hence, the finding is new to the research on enterprises in developed countries. In addition, coupled with the study in a developing country by De Mel, McKenzie, and Woodruff (2012) , this study contributes to the relief aid literature by providing the methodological implication that the impact on retailers may need to be estimated separately.
Second, based on supply chain information, the results identify the potential mechanism explaining why the relief subsidy is effective only for some sectors. Previous research has not examined this issue due to the lack of supply chain data. The conclusion adds to the discussion on the mechanism and provides important implications for policy makers who consider the provision of relief support for firms.
Finally, this paper also informs policy making by evaluating, with quantitative analysis, some postdisaster policies already in use. For example, the Group Subsidy was a scheme to support SMEs that suffered from natural disasters and was distinctive in that it was provided not to firms but to voluntarily made groups of firms. It was introduced in 2011 and has been reapplied in Japan to this day. However, few empirical evaluations of this policy have been made by researchers. In this paper, I provide some empirical evidence of the impact of this policy.
The paper is organized as follows. Section II describes the Great East Japan Earthquake and the related subsidy. Section III describes the data. Section IV describes the estimation strategy. Section V presents the estimates. Section VI offers concluding remarks.
II. BACKGROUND
A.
The Great East Japan Earthquake and the Impact on Firms
The Great East Japan Earthquake occurred on 11 March 2011 and several prefectures in Japan directly suffered from it. The magnitude of the earthquake was 9.0, the fourth-largest earthquake in the world since 1900. The earthquake also triggered a large tsunami and nuclear accidents in the Fukushima Daiichi Nuclear Power Plant. The economic loss from this disaster was huge, at ¥16.9 trillion or approximately $212 million (Cabinet Office of Japan 2011). 1 A total of 99.9% of firms located in the disaster-hit area were SMEs (Small and Medium Enterprise Agency of Japan 2012). A survey of 2,117 firms in the disaster-hit area conducted by the Research Institute of Economy, Trade and Industry suggests that 1,376 plants were destroyed because of the earthquake and 115 plants were partially destroyed by the tsunami (Wakasugi and Tanaka 2013) . Approximately 50% of them restarted business within 3 months, and most of the firms that successfully continued business after the disaster restarted their business within 1 year (Teikoku Databank 2016).
But how did firms cope with the Great East Japan Earthquake? According to the Cabinet Office of Japan (2016), only around 20% of SMEs in the disaster-hit area were insured. Thus, although Runyan (2006) documented that insurance was the key factor of recovery in the United States context, that coping strategy was not available for most of the SMEs that suffered from the Great East Japan Earthquake. Instead, many firms utilized public and private support from the government and other firms. The government helped firms with their finances through the provision of subsidies, loans and guarantees, and the system for consultations. In particular, to help firms restore and reconstruct 1 $1 = ¥109.307 (as of 26 May 2019). their facilities, the government created the Group Subsidy, which is the most popular public support for severely affected SMEs, as I will explain in detail in the next subsection. In contrast, firms outside the disaster-hit area provided a variety of voluntary support, such as sending needed machines and products (Yoshida 2011) . The substantial effect of support from supply chain partners is quantitatively confirmed by Todo, Nakajima, and Matous (2015) .
B.
Group Subsidy
The Group Subsidy, hereafter the subsidy for simplicity, has been provided by the Japanese government through the Small and Medium Enterprise Agency under the Ministry of Economy, Trade and Industry, and prefecture governments to groups of SMEs in the areas damaged by the earthquake, which include Aomori, Chiba, Fukushima, Hokkaido, Ibaraki, Iwate, Miyagi, and Tochigi prefectures. More specifically, this subsidy program targets SMEs that form groups to recover from damages caused by the Great East Japan Earthquake and play an important role in employment and economic activities in the region. The program subsidizes 75% of the costs to repair or restore the capital goods of SMEs destroyed by the earthquake and the subsequent tsunamis (Small and Medium Enterprise Agency of Japan 2011). More than 95% of subsidies are provided to groups in the four most affected prefectures, namely, Aomori, Fukushima, Iwate, and Miyagi.
A notable feature of this policy is that subsidies are provided not to individual firms but to groups of firms. Groups are formed voluntarily among firms linked through supply chains, in the same industrial park, in the same commercial area, and in the same industry, for example. This policy measure was developed because public money could not be used to restore private properties of individual firms even in the case of natural disasters but could be provided to groups of firms for regional recovery. Although groups are primarily made of SMEs, non-SMEs can also become members as coordinators. Besides, some reported that many applicant firms got subsidies; only 5% of firms answered that they had applied but failed, in the survey by the National Conference of the Association of Small Business Entrepreneurs (Nakazawa 2018, The National Conference of the Association of Small Business Entrepreneurs 2013). In the group level, Iwate Prefectural Office (2018) reports that groups of firms in Iwate faced competition with an acceptance rate of 37% to get the subsidy during the first year of the implementation, but 83% of applicant groups got subsidies during the following year. Thus, once firms successfully formed groups, it was not very difficult to get subsidies.
The first round of subsidies was announced in June 2011, 3 months after the earthquake, and granted in August 2011 (Small and Medium Enterprise Agency of Japan 2011). As of December 2018, more than 7 years after the earthquake, the program had continued to provide subsidies to SMEs. The amount of subsidies provided by this policy is extremely large; by 2018, a total of ¥504 billion (approximately $4.6 billion) had been provided to 705 groups of firms damaged by the Great East Japan Earthquake.
III. DATA

A. Data Source
This study utilizes firm-level data collected by Tokyo Shoko Research (TSR). The TSR data contain corporate information, such as each firm's location, sales, and number of employees, and information on suppliers and customers. The TSR data include the identification number of each supplier and client, and based on the data, I can identify networks of firms through supply chains in Japan. The TSR data are commonly used in the economics literature. Regarding enterprise resilience against natural disasters, Carvalho et al. (2014) and Todo, Nakajima, and Matous (2015) examined the negative and positive effects of supply chains during the Great East Japan Earthquake.
Specifically, I utilize the TSR data licensed to the Research Institute of Economy, Trade and Industry for the years 2011, 2012, and 2014. Because most corporate information is collected 1 year before the year of licensing, the data cover detailed corporate information in the fiscal years 2010, 2011, and 2013. In addition, because the TSR data include information about sales during the previous year, data on sales for the fiscal years 2009 and 2012 are available. The TSR data for 2010 contain 1,161,096 firms and 4,971,671 supply chain links.
B.
Identification of the Disaster Areas and Subsidized Firms I assume that firms in the disaster-hit areas were directly damaged by the disasters, following previous literature such as Barrot and Sauvagnat (2016 Further, I identify firms that received the subsidies using lists of recipient firms provided by the four prefecture governments in the disaster areas. Because only the prefecture of each recipient firm, rather than its address, is available in the lists, I identify recipient firms in each prefecture in the TSR data using their names, prefecture, and corporate classifications, and where the corporate classification is placed in the corporate name. 2 In the TSR data, the ratio of disaster-hit firms that can be exactly identified by this set of variables to the entire TSR sample of disaster-hit firms is approximately 98%. In the matching process of subsidized firms, for firms in Fukushima prefecture, I find a small percentage of firms, each of which is matched with more than one firm in the TSR data using the set of variables above. In these cases, I choose firms in the TSR data that can be classified as SMEs according to the definition of the Small and Medium Enterprise Agency of Japan (2018) because the subsidies were primarily provided to SMEs. Despite these efforts, I still cannot exactly identify 27 subsidized firms in Fukushima in the TSR data. I have dropped these firms from the sample, which account for 0.7% of the total remaining sample. 2 For firms in Iwate prefecture, cities can be identified. I use city names for firms in Iwate, when multiple firms are matched using only firm names, prefectures, or corporate classifications, and when the classification is placed in the corporate name.
Note: The four disaster-hit prefectures, Aomori, Fukushima, Iwate, and Miyagi, are highlighted with lighter and darker shades, but the latter are the officially defined disaster areas. Source: Author.
Following this matching process, I match 50.3% of subsidy recipients on the list with firms in the TSR data. One reason for the relatively low match ratio is that many subsidy recipients on the list are presented as persons' names rather than companies' names. I presume that these enterprises represented by persons' names are most likely microenterprises that are operated by a single person or a family. As I will explain later, I evaluate the impact of the subsidy by comparing the performance of the subsidy-recipient firms with that of the nonrecipients whose characteristics are similar. Thus, the estimate should be interpreted as the impact on firms excluding family owned microenterprises. Another reason for the relatively low match ratio is that the TSR data cover approximately 53% of all firms in Japan, as the coverage of microenterprise is not complete (Carvalho et al. 2014) .
Although the subsidies were provided to SMEs in eight prefectures, as presented in section II, the disaster areas officially defined above are in only four of the eight prefectures, that is, Aomori, Fukushima, Iwate, and Miyagi. Therefore, when I estimate the direct effect of the subsidies on recipient firms in the disaster areas, I ignore recipients in the four prefectures outside the disaster areas, namely, Chiba, Hokkaido, Ibaraki, and Tochigi.
C.
Construction of Variables and Samples I mainly use data from two time periods, 2010 and 2013. Accordingly, as primary outcome variables, I use sales and the number of workers in 2013. As I will explain later in detail, I will employ propensity score matching (PSM) estimations. The covariates in the pre-earthquake period for matching include sales, the number of workers, firm age, and the number of transaction partners in 2010. These variables are taken directly from the TSR data and I take the log of them. In addition, the covariates contain dummy variables for firms that were hit by the tsunami and were forced to evacuate due to the accident in the Fukushima Daiichi Nuclear Power Plant after the tsunami, and a variable that indicates the geographical proximity of the disaster-hit SMEs. These variables are constructed from geographic information on the officially identified tsunami-hit areas and evacuation areas as well as the number of disaster-hit SMEs located within 1 kilometer of each firm.
I focus on SMEs in disaster-hit areas. I follow the Small and Medium Enterprise Agency of Japan's (2018) definition of SMEs. For the wholesale sector, firms with ¥100 million ($914,853) or less in paid-in capital or 100 or fewer employees are categorized as SMEs. For retailers, the criteria of either ¥50 million ($457,427) or less in paid-in capital or 50 or fewer employees must be satisfied. For other service industries, firms with ¥50 million or less in paid-in capital or 100 or fewer employees are categorized as SMEs. For other sectors, firms that have paid-in capital of less than ¥300 million ($2,744,561) or fewer than 300 employees are defined as SMEs. Because the subsidies were primarily provided to the secondary and tertiary industries, I have dropped entities in agriculture, forestry, and fishery, as well as public entities such as governments, academic institutions, schools, and political and religious institutions.
IV.
ESTIMATION STRATEGY I estimate the direct effect of the subsidies on the recovery of firms from earthquake damages by sector. In these estimations, I focus on SMEs in the officially defined disaster-hit areas (see section III.B) and examine possible differences in changes in sales and employment from the pre-earthquake to the postearthquake periods between firms with and without the subsidies.
There are two potential issues that may bias the estimates. First, the subsidies were not provided randomly to SMEs in the disaster-hit areas but were provided to groups of SMEs. Second, unobservable firm attributes, such as managers' ability and preferences, may be important factors of both firm growth and receipt of the subsidies. These two econometric issues generate biases due to endogeneity.
To correct for such endogeneity biases, I employ a PSM procedure with a difference-indifferences (DID) estimation used by Blundell and Costa Dias (2000) . This method can correct for biases due to an endogenous selection of recipients by the PSM approach and biases due to unobservable firm attributes by the DID estimation. It is often used in policy evaluation using nonexperimental data, such as Görg, Henry, and Strobl (2008) , who estimate the effect of grant support to firms on their exporting activity. I further incorporate an analysis of variance (ANCOVA), which is found by McKenzie (2012) to be more efficient than fixed effects and DID estimations.
More specifically, I first run a logit model to examine factors that determine the subsidy program participation of SMEs in the disaster areas. 3 I do so using pre-earthquake firm attributes and disaster types, such as sales, the number of workers, firm age, the number of transaction partners, the number of disaster-hit SMEs located within 1 kilometer (all of the above are in logs), an evacuation area dummy, a tsunami-affected area dummy, and prefecture dummies.
In this first stage, I divide SMEs in the disaster areas into strata at the sector level. Although the data include industry classification codes of TSR at the three-digit level, the number of subsidized firms in the sample for direct effects, approximately 1,100, is too small for us to divide them into detailed industry classifications, even at the two-digit level. Therefore, I classify firms into four sectors: the manufacturing industry; other secondary industries (construction, electric, gas, and mining); the wholesale and retail industry; and the other industries.
Next, using the estimates from the logit model for each sector, I calculate the propensity score, or the predicted probability of participating in the subsidy program given the pre-earthquake attributes. Then, I match each participant firm in the program in each stratum with a nonparticipant with a propensity score closest to that of the participant. One notable issue in this matching process is that firms' fiscal-year-end months vary substantially. If the fiscal-year-end month is different between two particular firms, their sales and sales growth in the pre-earthquake period are defined as occurring in different time periods and thus, may capture different economic shocks. To avoid matching two firms with similar sales or sales growth because of different economic shocks, I match firms within the same sector and with the same fiscal-year-end month. I impose a common support, that is, I drop firms whose propensity score is outside the overlap of the two distributions of participants and nonparticipants. In addition, I set the caliper of the difference in the propensity score at 0.05, matching two firms only when the difference between their propensity scores is less than 5%.
After matching, I check whether treatment firms (recipients of the subsidies in the disaster-hit area) and matched controls (nonrecipients in the disaster-hit area) are balanced in terms of preearthquake attributes and types of disasters suffered by firms, that is, whether they were also hit by the tsunami, or the nuclear power plant accident, besides the earthquake, using t-tests. The results for the entire sample are reported in Table 1 . The results for subsamples by sector used in the benchmark estimation suggest similarly well-balanced results, which are available from the author upon request. 3 To consider the spatial autocorrelation, I also consider a spatial lag logit model instead of simple logit. However, the results of the subsidy's effect on firm performance are similar. Finally, using the matched sample, I run the following ordinary least squares estimation:
where it Y , it Subsidy , and i D denote an outcome variable, the dummy variable for receipt of the subsidy, and dummy variables of firm i in time t , respectively. I experiment with several sets of dummy variables, such as sector dummies, prefecture dummies, and fiscal-year-end dummies. The time t represents the pre-earthquake year, 2010; t represents the year of receipt of the subsidy, either 2011 or 2012; and t represents the postearthquake year, 2013. The outcome variables are the log of sales and the number of workers. Because I take a log of the outcome variables and incorporate the lagged outcome variables as independent variables, following the ANCOVA analysis of McKenzie (2012), I can rewrite equation (1) as
Therefore, I am essentially estimating the effect of the subsidies on the growth rate of sales and employment, taking into account fixed effects included in and convergence represented by it Y . When I estimate equation (2) assuming β = or conduct DID estimations, I obtain similar results. Therefore, I rely on the ANCOVA analysis.
In the benchmark estimations, I separate the sampled firms into four different sectors to examine whether industry affects the effect of the subsidies. The four sectors are the retail sector; the manufacturing sector; other secondary industries (construction, electric, gas, and mining); and other service industries, similar to the approach in De Mel, McKenzie, and Woodruff (2012) . The difference between my approach and theirs is the category "other secondary industries." Because the sample includes many firms in this sector, I add this category in the study.
V. RESULTS
A. Baseline Results
I begin the analysis by first reporting the estimates of equation (1) by sector, which are presented in Table 2 . Columns (1) and (2) of panel (I) report the impact of the subsidy on sales of disaster-hit firms in the retail sector. The estimates of the impact are close to zero and statistically insignificant, suggesting no difference between the sales recovery of firms with and without the subsidy. In contrast, the impact of subsidies on the employment of disaster-hit firms in the retail sector is substantial, 14% higher for receivers, and statistically significant, as shown in columns (3) and (4) of panel (I). This implies that the subsidy is effective for the recovery of employment in the retail sector. Panels (II), (III), and (IV) of Table 2 report the impact of the subsidy on the manufacturing industry, other secondary industries, and other service industries, respectively. They suggest that the subsidy also had positive and significant impacts on the sales and employment of other secondary industries (construction, electric, gas, and mining), while it did not differentiate the recovery of the manufacturing and other service industries with and without the subsidy. The sectoral difference between retail and manufacturing and/or services is similar to the findings by De Mel, McKenzie, and Woodruff (2012) , who assess the effect of access to capital on microenterprises in a developing country. I will explore the source of this variation in subsection V.C.
B.
Robustness Table 3 presents a series of robustness checks. Firstly, I add predisaster sales growth rate into equation (1) and repeat the estimation by sector. The results are shown in columns (1) and (2) of Table 3 . I find a positive and significant effect of the subsidy only for the retail and other secondary industries, consistent with the baseline estimation results in Table 2 .
Secondly, some may be concerned about bias due to the nuclear power plant accident in Fukushima. Although the sample becomes a bit too small for some panels, I still find a similar result by restricting the sample to firms that are not located in Fukushima and do not have multiple plants as shown in columns (3) and (4) of Table 3 . One exception is the effect on the employment of other secondary industries. Little impact for firms outside Fukushima may possibly come from the different amount of private support between firms in Fukushima and others due to the nuclear power plant accident in Fukushima. Thirdly, I check if firms with different fiscal years capture different economic shocks, which bias the results. To minimize bias, I carefully match firms that received the subsidy to those that did not but have the same fiscal year end, and I include fiscal-year-end dummies; however, some may still be concerned about the bias caused by the difference. Because the sample of 316 firms is too small to separate into several subsamples, I test the difference between the early group and the late group. I make a dummy variable that is zero if the fiscal year end is from March 2013 to October 2013 and 1 if it is later than October 2013. Then, I create an interaction term with the subsidies dummy and estimate the effect of the difference in the fiscal year end. Although the evidence for the other secondary industries is not strong, at least for the retail and manufacturing and/or other service sectors, the results in columns (1) and (2) of Table 4 suggest that the difference by the fiscal year end is not significant and that the baseline result is robust: only for retailers can I find a positive and significant effect for both the single-term coefficient of the subsidy and the joint effect, while there is no effect on the manufacturing sector and other service industries at any period. Thus, the main findings hold.
Finally, columns (3) and (4) of Table 4 investigate whether there is a diminishing effect by the timing of receipt, because most of the firms that successfully continued business after the disaster restarted their business within a year and thus, the provision of the subsidy in 2012, more than 1 year after the disaster, may be too late. Because the sample of firms that received the subsidy in 2011 is small, I can separately test the impact of the subsidy only based on the sample of firms that received the subsidy in 2012 and the matched firms. Even applying this restriction, I still observe a substantial positive effect, implying that the possibility of underestimation due to differences in the timing of receipt is considerably low. 
C. Mechanism
Thus far, the analysis has focused on evaluating the impact of the subsidy on the recovery of firms in disaster-hit areas, and it has found robust heterogeneity across sectors. I next explore the potential mechanisms underlying these results.
(1) Constraints from Supply Chain Disruption Enterprise recovery, especially sales, reflects both firms' own recovery and supply chain recovery. Even if a particular company in a disaster-hit area restores what it needs for normal operation, its performance will be limited without normal supply and demand. Tables 5 and 6 investigate this possibility by looking at network structures and the negative impact coming from supply chain disruption, respectively, using the same sample as Table 1 , that is, the matched sample that is not divided by sector. (1), (2), (5), and (6) are taken in logarithm after adding 1. Source: Author's own using data from Tokyo Shoko Research (2011-2014).
In Table 5 , I observe how differently firms are linked with other firms by sector. The baseline category in this table is the manufacturing sector. Estimates in column (1) of Table 5 indicate a negative effect of nonmanufacturing sector dummies with statistical and economic significance, suggesting that firms in the manufacturing sector are approximately 20%-25% more connected to firms outside the disaster area than others. In column (2) of Table 5 , I find that retailers have the weakest connection with firms in the disaster-hit area, which may imply that the lower potential of exposure to supply chain disruption enables retailers to fully enjoy the effect of subsidy.
In the remaining columns, I check which types of disruption are more likely to occur in the manufacturing and service sectors. Here, I focus on the links with firms in tsunami-hit areas, which most likely take a longer time to recover. However, I confirm that the tendency does not change even if I also consider other disaster areas. The results of columns (3)-(6) of Table 5 suggest that the possibility of having suppliers in tsunami-hit areas does not differ or is even smaller for manufacturing, but manufacturing and other service industries tend to have more potential to be exposed to demand shocks by customers in tsunami-hit areas.
To investigate whether demand shocks explain the sectoral heterogeneity of the impact of the subsidy, in Table 6 , I examine the impact of supply chain disruption in the short and medium run. For the short-run impact, I use the log of sales and employment in 2011, while medium-run variables are the same as the main outcome variables, that is, performance in 2013. As in columns (1) and (3) of Table 6 , I find a negative propagation of disaster shocks from customers in tsunami-hit areas to firms in disaster-hit areas, while no negative propagation from suppliers can be observed. In columns (2) and (5) of Table 6 , I test whether the negative propagation effect persists. The results suggest that there is no persistent impact in the medium run, consistent with the finding of Barrot and Sauvagnat (2016) and Kashiwagi, Todo, and Matous (2018) that the negative propagation effect of natural disasters diminishes within 1 year, using natural disasters in the United States as an exogenous shock. Even if I limit the sample to the manufacturing sector, I do not observe any negative impact of supply chain disruption on firms' performance in 2013. Therefore, supply chain disruption is not likely to be the source of the small impact of the subsidy in some sectors.
(2) Private Support A possible alternative explanation is that the different degrees of private support across sectors differentiate the impact of the subsidy. For example, the manufacturing sector may be more sensitive to physical damage to their facilities than the retail sector. Speaking in extremes, many retailers can run their business in front of their disaster-destroyed store, while manufacturing sectors often need to restore their facilities to reopen their business. Considering that private support from other firms partly aims to mitigate negative propagation effects from damaged firms through supply chains, private support may provide only what is necessary to run their business, and thus, retailers may receive much less support in terms of restoring physical capital. Then, retailers must restore a large part of their facilities using other sources, such as loans and public aid, while manufacturers want to obtain public support to repair much smaller problems, such as cracked wall surfaces. Repairing cracked wall surfaces is important but may not be critical to firms' performance in the short and medium run or their expectations of their own future growth prospects.
I explore this alternative explanation by reestimating equation (1) but with proxy variables of private support. The proxy variables include the log of the number of interfirm links within disaster areas and outside these areas plus 1, following Todo, Nakajima, and Matous (2015) . 4 Columns (3) and (6) of Table 7 contain the main estimation results of this table. As reported in column (3) of Table 7 , for sales, the number of links within disaster areas indicates a substantial positive effect throughout all sectors, implying that partner firms within disaster areas helped the sales recovery of disaster-hit firms. This result is consistent with the finding of Todo, Nakajima, and Matous (2015) . I interpret this result as partner firms providing information and lending some machinery or tools that are needed to recover sales. However, the subsidy shows a significant positive effect only for other secondary industries, which are the ones that benefited from the reconstruction demand. These results imply that firms had already received enough support to recover sales before the subsidy was provided. In contrast, column (6) of Table 7 suggests that either the subsidy or the links with firms outside the disaster area has a substantial positive impact on the employment level in 2013. This implies that support from outsiders, including government and firms located far away, helps restore facilities that are expensive or face excessive demand after the disaster and helps reduce damaged firms' monetary burden for restoring them. If firms worry about the repayment of loans received to restore facilities and they already have the minimum number of employees to operate, they may hesitate to hire extra employees. Thus, to recover the employment level, firms must have positive prospects of their own business. As described at the beginning of subsection V.C.2 (this section), because retailers are less likely to receive enough support for restoring physical capital, they benefit only from the subsidy. The impact on other secondary industries can be interpreted similarly. In contrast, because the manufacturing sector and other service industries received enough support from other firms, additional support by the government had a limited impact. The positive sign of the coefficient of private support from firms within the disaster areas on the employment level in the other secondary industries and services may imply that for sectors that need some basic repairing but do not need massive restoring, not only support from outsiders but also relatively small support within disaster areas can contribute to their complete recovery.
For reference, I again show the estimation results of equation (1) in columns (1) and (4) of Table 7 , which are the same as those in columns (2) and (4) of Table 2 . They show the effect of the subsidy on sales and employment by sector and suggest that the significant positive effect of the subsidy appears only for the retail and other secondary industries. Similarly, columns (2) and (5) of Table 7 show that the size of the coefficients of private support is similar between with-and withoutsubsidy variables in the estimation equations. To summarize all the findings in Table 7 , the subsidy has a significant impact only when private support is not enough, and retailers and firms in other secondary industries tend to lack private support.
VI. CONCLUSION
This paper investigates the heterogeneity in the impact of government support for SMEs in the recovery from disasters and explores the mechanism behind it. To this end, I use a rich firm-level dataset on Japanese firms that contains information on their supply chain and basic attributes. I employ an estimation strategy that combines a PSM procedure with an ANCOVA estimator to address the potential selection problem inherent in an analysis of government support's effect on firm performance. The results suggest that government support is effective only in the retail and other secondary industries. This is consistent with previous findings from a developing country. Unlike the study of developing countries, I have well-covered supply chain data, and thus, I can further explore possible mechanisms behind sectoral heterogeneity I discuss two possible mechanisms. First, disruptions in supply chains may limit the recovery of firms, even if the firms themselves successfully restore their facilities. Second, private support from other firms, which was provided prior to the subsidy, was enough for some sectors; thus, for them, the impact of the subsidy was limited. I find evidence for the latter. As retail and other secondary industries rely less on their facilities for operation than other industries, and in the short run can operate even with damages to their facilities, other firms, which provide support to avoid the negative propagation effect from the disaster-hit firms, may offer less support to these sectors. However, in the long run, firms in these sectors also need to fix the damages to their facilities. Without the subsidy, these costs can squeeze the management of these firms. This may be why the subsidy had a positive impact on these sectors. Today, the frequency and the severity of disasters are increasing. In addition, the scope of public support for recovery also tends to be expanded in many countries. Therefore, I believe that the knowledge on how public support might be more effectively provided is valuable in the era of increasing disasters.
